TOPIC €& 67

HRHNSA=AHE R
kfﬁﬁ!ﬂﬂﬂ:'—ﬁﬁﬁﬁﬁ

1#&‘51 2, tRieEs, BEE, EXH, EHEE", XE
}Fﬁmkiﬁ%ﬂ?'ﬁﬁ”?ﬁ 3 200062;

2. ST SRR TR E R TSz, V1% o8 2140003

3. BRI AR AE], FifE 201204

4. BEIRZRERERIEL (R AIRAR], P9Il p&B 6100315

5. R FRE VAR S N HZEE R TR s O (FERITTEREE), B3l 200062

e
EEALSERANRRLRE, NESRUTTZIIME T EEND, BAEHBIENNBDLBEIDSE

SEIENERME. OB &ﬁ%HTEu&Em%&{ZK$ EHOM, NRIHXLOM, BE T —PmHERE
BVELMo VELM ETFZROAHHBEREELRERHBIESEH TG, HESBRENER, MUR
AT RITHEZRPNOERE, MBI SITERROTICSIE. @Y, AT RAGRAIBIREMN
ABTERMENEEE., APBSSNASE,. VELM @Y Dify L& 3T RENZDIHEBE, SRS/ 2
FB. Web mia L ESURAMNCEZ IWEN, BET AIHEZSPHIHEMFTE R WNISLIUZREA,
VELM FEFREDNBUEE (W0 Mathvista. OCRBench A MMMU 55D EBOERIME R Z 0T MiniCPM-V.
DeepSeek-VL. Yi-VLEFHRABE; TERUBSWNRESE £, VELM BDEREEAR FEL S
Qwen2-VL12H 5 9.78%.

Xigia
KBSR; B ; BEHE ;RAGEAR

PERDHES:TP39 XEPRGES : A doi: 10.11959/}.issn.2096-0271.2025056

Optimization and application of
vision-based large models in
educational scenarios

XU Yuepeng'?, XU Chaidi®, GUO Jinjun’, JIANG Yungiao®, WANG Shijia', LIU Yao'?®

1. Data Science and Engineering, East China Normal University, Shanghai 200062, China

2. Laboratory for Advanced Computing and Intelligence Engineering,Wuxi 214000,China

3. Shanghai Kongdi Technology Co., Ltd., Shanghai 201204, China

4. Moore Threads Intelligent Technology (Chengdu) Co. , Ltd. , Chengdu 610031, China

5. MoE Engineering Research Center of Software/Hardware Co-Design Technology and Application (East China
Normal University), Shanghai 200062, China

Abstract

With the rapid advancement of artificial intelligence technology, LLMs have achieved significant success across various
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fields. However, their application in the field of education domain still faces challenges such as difficulties in processing
multimodal data, insufficient response accuracy, and limited information delivery methods. To address these issues, a
VELM was proposed. VELM was trained on multimodal public educational datasets and specialized educational datasets,
and combined with model optimization techniques, VELM not only enhances response quality in educational scenarios but
also optimizes and reduces computational resource consumption. Additionally, RAG technology was utilized to ensure
accuracy and richness in generated content. In terms of deployment and application, VELM was implemented through the
Dify platform, enabling flexible multi-end deployment, including WeChat mini programs, Web cloud platforms, and
localized deployment, meeting the diverse needs of different educational scenarios. Evaluation experiments demonstrated
that VELM significantly outperformed open-source large models such as MiniCPM-V, DeepSeek-VL, and Yi-VL on
standard benchmark datasets like Mathvista, OCRBench, and MMMU. On specialized educational evaluation datasets, the

accuracy of VELM was improved by 9.78% compared to the base model Qwen2-VL.
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30: Update A, and B

gradient descent:

, using

31: A A -n- aai

32. B,—B,-n- a"éq

33: end for
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